Abstract-Ultrawideband (UWB) Microwave Imaging is an emerging technology for breast cancer detection which is based on the dielectric contrast between normal and cancerous tissues at microwave frequencies. The breast is illuminated by a UWB pulse and reflected signals are used to determine the presence and location of significant dielectric scatterers, which may be representative of cancerous tissue within the breast. Beamformers are used to spatially focus the reflected signals and to compensate for path dependent attenuation and phase effects. These beamformers can be divided into two distinct categories: Data-Independent and DataAdaptive beamformers. Data-Independent beamformers typically use an assumed channel model to compensate for path-dependent propagation effects. Conversely, Data-Adaptive beamformers attempt to directly estimate the actual channel based on signals reflected from the breast. Recent studies by Lazebnik et al. indicate that the range of dielectric properties of normal breast tissue is much greater than reported previously. This presents a much more difficult imaging problem due to dielectric heterogeneity. Difficulties encountered by data-independent beamformers in locating tumors within dielectrically heterogeneous breasts have been documented previously. In this paper, the effects of heterogeneity on data-adaptive beamformers is investigated. 2D MRI-derived breast models with varying levels of dielectric heterogeneity are used to evaluate the data-adaptive beamformers.
INTRODUCTION
In 2009, there were 1,479,350 new cases of breast cancer documented in the US alone [1] , while the estimated mortality rate in Europe was over 1.7 million [2] . Ultrawideband (UWB) radar imaging is a promising emerging imaging modality which illuminates the breast with a sub-nanosecond microwave pulse with a large bandwidth. The dielectric contrast between tissue types, notably malignant and normal tissues, causes scattering reflections within the breast. The corresponding backscatter signals are recorded and time-domain image formation techniques are implemented in order to determine the spatial location of a tumor.
Data-Adaptive (DA) Beamforming [3] describes how signals recorded by an antenna array are manipulated in order to achieve unit gain from a desired direction while suppressing signals of the same frequency from unwanted directions. The signal originating from the desired direction is estimated by varying the weights (or steering vector) applied to the antenna array. Prior to the introduction of the Robust Capon Beamformer (RCB) [4] , the performance of the DA beamformer was significantly degraded by errors in the steering vector [5] . The RCB approach was first implemented by Guo et al. [5] for microwave breast imaging. Xie et al. [6] extended the approach for a Multistatic Adaptive Microwave Imaging (MAMI) radar aperture by implementing the RCB algorithm in two stages (referred to as MAMI 1 herein). The MAMI 1 method was extended to incorporate an alternative data-slicing technique (MAMI 2) [7] and both methods were combined under the moniker MAMI C. This paper attempts to examine the methodology of a number of DA algorithms, including RCB, MAMI 1, MAMI 2 and MAMI C. These methods are compared against a Data-Independent (DI) Delay And Sum (DAS) beamformer on two FDTD breast models with varying levels of dielectric heterogeneity. The first model is a dielectric homogeneous breast while the second represents a dielectrically heterogenous phantom, containing both adipose and fibroglandular tissue. Section two details the DA image formation systems, while the numerical breast model model is documented in section three and DA beamforming results are illustrated and discussed in the final section.
DATA-ADAPTIVE METHODS

Robust Capon Beamforming
The DA RCB [8] for the early detection of breast cancer was implemented by Guo et al. [5] . Before the application of the RCB, the signals are appropriately time aligned and compensated (if required) as in a weighted DAS system [9] . In a system with M antenna array elements and N time samples, the pre-processed input signal is described by:
where the scalar s i (t) denotes the backscattered signal at the ith antenna,â refers to the array steering vector and e i is a vector containing unwanted noise and interference. The RCB can be described as: min
with a solution ofŵ
Withŵ RCB containing the beamformer coefficients and the sample covariance matrixR equated as:R
where
SCB assumes the steering vector is known a priori however this hypothesis is prone to errors, due to variance in the channel [4, 5] . The RCB operates on the assumption that the true steering vectorâ is constrained by ||â −ā|| ≤ , whereā = (1 M ×1 ) represents an assumed steering vector and is a user defined variable describing the error inâ. The derivation ofâ is documented in [4] . The energy at a specific voxel (r = [x, y, z]) can then be calculated as:
whereŝ RCB (t) = w T RCB · y(t).
Multistatic Adaptive Microwave Imaging
The MAMI method by Xie et al. [6] involves a two stage computation of the RCB algorithm. The output of the first stage provides M waveform estimates which correspond to M transmitted signals, and a second stage is required to calculate a scalar waveform output for the complete system. The pre-processed input vector for transmitter i at sample t is described by:
and the sample covariance matrixR Y (t) is calculated as:
The modified MAMI weight vector is given by:
with subscript S1 implying Stage I,â and λ are obtained as in [4] .
The Stage I waveform estimate is written as:ŝ(t) = [ŵ T S1 (t)Y(t)] T , a snapshot from an M element waveform estimation vector from which a scalar estimate must be recovered (ŝ(t)). The Stage I output (ŝ(t)) is used as the input argument to the RCB method in Stage II, where the sample covariance matrix is now determined by:
All other steps are calculated for a single RCB iteration, as in Stage I, resulting in a weighted output:ŝ(t) =ŵ S2 (t)ŝ(t). The energy at a specific voxel can be calculated using Eq. (5). The MAMI formulation was extended by Xie et al. [7] , sampling the pre-processed input signal as described by Eq. (6) and alternatively by antenna transmitter index, shown below for the ith transmitter:
This data slicing method is referred to as MAMI 2, which outperforms the original MAMI method for high Signal to Clutter (S/C) scenarios but is inferior when there is low S/C. The second stage RCB application is identical to MAMI 1. The combined MAMI (MAMI C) et al. [7] approach implements the first stages of MAMI 1 and MAMI 2, concatenating both outputs as the waveform estimates input to the final stage.
BREAST MODEL
All backscatter data is obtained using a 2D Finite-Difference Time-Domain (FDTD) model of the breast [10] . The model is that of a naturally flattened breast from a patient lying in the supine position. The adipose/fibroglandular tissue distribution is derived from an anatomically correct breast phantom, similar to the 2D model developed by Li et al. [9] . Figure 1 describes a heterogenous breast where a conformal array consisting of 14 antenna elements, modeled as electric current sources, is located on the surface of the naturally flattened breast (represented by 14 blue dots). Fibroglandular regions appear as white and the adipose tissue as black. A homogenous dielectric profile is obtained by setting all regions within the breast to a variation of adipose tissue. The model includes a 2 mm layer of skin. A specific location within the FDTD model is defined as follows (depth, span). For test purposes, a malignant tumor of 10 mm in diameter is located at (1.5 cm, 3 cm) for one test scenario and at (2 cm, 3 cm) in an alternate test scenario. The dispersive properties of breast tissue are incorporated into the FDTD model using a single-pole Debye model [11] . The dielectric properties of adipose and fibroglandular tissue used in the FDTD model are based on a recent study from Lazebnik et al. [12, 13] . The Debye parameters for skin obtained from published data by Gabriel et al. [14] , while the Debye parameters for malignant tissue are those used by Bond [15] . The Debye parameters for each type of tissue are shown in Table 1 . The grid resolution, dx, is 0.5 mm and the time step dt is defined as 0.833 ps (dt = dx 2c ). Each data-adaptive imaging technique is applied to an identical breast imaging scenario and artifact removal system. As a preprocessing step, an ideal artifact removal algorithm, described previously by Bond et al. [15] was used to remove the early stage artifact and reflections from the air skin interface. Before further processing, the signals are downsampled from 1200 GHz (the time step in the FDTD simulation) to 50 GHz. The input signal is a 150-ps differentiated Gaussian pulse, with a center frequency of 7.5 GHz and a −3 dB bandwidth of 9 GHz. 
CONCLUSION
A malignant tumor with 10 mm diameter is modeled at (1.5 cm, 3 cm) in Figure 3 , indicated by a pink ellipse. Resultant tumor scatterers are located 1 to 3 mm shallower than the modeled location, as its response is assumed as a point scatterer. System performance is evaluated in terms of the Signal to Mean ratio (S/Mn), defined as the ratio of maximum energy at the tumor location to the mean energy of the imaged breast. S/Mn results are documented in Table 2 for the inclusion of a single tumor located at (2 cm, 3 cm) and at (1.5 cm, 3 cm). A second significant scatterer occurs at (0.6 cm, 5 cm) in the heterogenous breast, due to the presence of dense fibroglandular tissue. In all cases of dielectric heterogeneity, DA methods offer a significant improvement in S/Mn results, as described in (Figures 3(c) & 3(d) ) performs poorly in a heterogeneous breast, highlighting the necessity for a second stage RCB application, but still performs well in a homogenous environment when compared to the other methods.
In this paper, a representative selection of existing DA UWB breast imaging algorithms have been described. Results indicate that the documented DA breast imaging methods outperform DAS for the relatively simple testing scenario examined here. MAMI 1 and MAMI C are the most effective adaptive algorithms for both a homogenous and heterogenous breast phantom. Although previously assumed to offer improved performance in a heterogenous imaging scenario [7] , MAMI 2 gives similar results to MAMI 1 in this case. Future work will involve testing the algorithms in an even more difficult imaging scenario, modeling multiple tumors and extending the beamformers to a 3D environment.
